, "Blood vessel extraction of diabetic retinopathy using optimized enhanced images and matched filter," J. Med. Imag. Abstract. Accurate extraction of structural changes in the blood vessels of the retina is an essential task in diagnosis of retinopathy. Matched filter (MF) technique is the effective way to extract blood vessels, but the effectiveness is reduced due to noisy images. The concept of MF and MF with first-order derivative of Gaussian (MF-FDOG) has been implemented for retina images of the DRIVE database. The optimized particle swarm optimization (PSO) algorithm is used for enhancing the images by edgels to improve the performance of filters. The vessels were detected by the response of thresholding to the MF, whereas the threshold is adjusted in response to the FDOG. The PSO-based enhanced MF response significantly improved the performances of filters to extract fine blood vessels structures. Experimental results show that the proposed method based on enhanced images improved the accuracy to 91.1%, which is higher than that of MF and MF-FDOG, respectively. The peak signal-to-noise ratio was also found to be higher with low mean square error values in enhanced MF response. The accuracy, sensitivity, and specificity values are significantly improved among MF, MF-FDOG, and PSO-enhanced images (P < 0.05).
Introduction
Retinal vascular disorders affect the blood vessels of the retina in diabetes. Around 65.1 million patients are affected by diabetes as estimated by the Indian Council of Medical Research, and by 2030, India will have 101.2 million diabetic people. 1 About 33% of patients with diabetes suffer from diabetic retinopathy, which affects the microvasculature of the retina and is the leading cause of blindness. The microstructural blood vessels of the retina are more prone to diabetic retinopathy. This leads to loss of vision due to damages of the small blood vessel of the retina. 2 New diabetic retinopathy cases could be monitored appropriately at the early stages to prevent blindness. 3 An accurate detection of the artery-vein crossings and structural patterns of the blood vessels of the retina is an important task for diagnosis, evaluation, and clinical study. 4 In most clinical scenarios, the structure of retinal blood vessels could be visualized directly in a noninvasive process with very high-resolution systems. 5 The edge in an image provides useful information of the structural changes in an image and edge detection techniques are used to find the boundary region of the blood vessel structures. 6, 7 The two-dimensional (2-D) Gabor wavelet with classifier is used for automated segmentation of the vasculature in retinal images by classifying each image pixel as a vessel or nonvessel, based on the pixel's feature vector. A 2-D Gabor wavelet with adaptive thresholding achieves 0.96 of region of convergence (ROC) curve of on the DRIVE database. 8 The fuzzy clustering classifier partitioned the retinal images into four sections by the symmetric division of the optical disk to extract features from vessels to independent vessels. The matched filter (MF) method has the advantages of simplicity and effectiveness to detect vessels by filtering and thresholding the original images. 9 The filtering-based methods are popular approaches to segment the vessels by maximizing the filter response to vessel-like structures. 9, 10 Mathematical morphology operators are also applied for segmenting the structure of retinal vessels. The automatic detection methods with Fuzzy C-means clustering are used to reconstruct the morphology by segmenting the coarse and fine structures on low-contrast retinal images. It achieved a sensitivity and specificity of 86% and 99%, respectively, by comparison with ground-truth images. 11 The global networks of blood vessels are traced by tracing out the center lines of the vessels after detecting the vessel edge. 12 Matched Gaussian and Kalman filters were used to detect and track blood vessels by locating the center point and width of a vessel. 13 The center line extraction approach combining with MF has been found effective both qualitatively and quantitatively in automatic detection of vessel boundaries. 14 Laplacian and Gaussian operators are used to detect the edge of the blood vessels. A morphological operator was used to extract only the blood vessel and then the edge of the blood vessels were clearly detected by a multiscale segmentation function which assists in detecting the retinal vessel structures. [15] [16] [17] In a report, the matched filter with first-order derivative of Gaussian (MF-FDOG) method using the MF and the first-order-derivative of the Gaussian was found to be more accurate in distinguishing between the retinal vessels structures compared to MF alone. 18 A new edge detection technique based on matched filtering and region growing used to detect retinal blood vessels was found to have a better accuracy than that presented by stateof-the-art approaches with an area under the ROC curve found to be 0.96. 19 The blood vessels detected effectively with better peak-signal-to-noise ratio (PSNR) and with an accuracy of 96% using the curvelet transform with modified curvelet coefficients. 20 Complex continuous wavelets transform with adaptive histogram-based thresholding process used for multiscale vessel enhancement for automatic vessels detection and the result shows higher accuracy (95%) and specificity (97%), respectively. 21 In a report, the black top-hat transformation and double-ring filter were used to detect retinal blood vessels and linear discriminant analysis (LDA) was used for classifying the arteries and veins. 22 The graph cut technique achieved excellent performance in segmenting blood vessels and the optic disk in the fundus retinal images in DRIVE data sets. 23 A hybrid method based on mathematical morphology and a fuzzy clustering algorithm was proven to be effective for extraction of vessels in the retinal image. 24 The improved versions of MF algorithm such as MF combined with pulse coupled neural networks, 25 improved MF response by Ant colony algorithm, 26 and genetic algorithmbased optimization 27 were used for image enhancement. The best gray level image enhancement is achieved according to the objective criterion by optimizing the parameters with the help of particle swarm optimization (PSO). 28 The optimal parameters of the multiscale Gaussian MF achieved better results in segmenting retinal vessels. 29 An automated method based on standard line operator and a modified line operator has been used successfully to detect new vessels in retinal images with a high accuracy. 30 In an automatic screening system, the best model parameter (σ ¼ 0.0104) classified the normal and DR stages with an accuracy of 96.15 which could be used for faster diagnosis of diabetic retinopathy. 31 In an integrated system, using a curvelet transform and tunable band-pass filter is found to be effective in enhancing vessel edges, whereas the fuzzy conditional entropy discriminates vessels widths efficiently. 32 An MF based on kernel function with a Cauchy distribution method improved the accuracy in detecting the retinal vessel compared to other MF-based methods. 33 In this paper, we used PSO-based optimization techniques to enhance the edges of the gray-level image to improve the image quality of the MFs responses. The vascular structures of the retinal image have been extracted by the MF, MF-FDOG, and the MF with PSO-based enhanced images. The performance results were compared to the enhanced image by evaluating the quantitative parameters such as accuracy and sensitivity.
Method
To evaluate the vessel detection methodology, images are collected from a publicly available database, the DRIVE. 34 The DRIVE databases have been widely used for performance evaluation to test the proposed vessel segmentation methodologies as it provides manual segmentations. Ten retinal images are used from the DRIVE database and the parameters such as sensitivity and specificity results are compared with the gold standards of each image. The damages in blood vessels are identified for diabetic retinopathy cases using MF and MF-FDOG algorithms as per the flow diagram represented in Fig. 1 . The appearance of blood vessels is strengthened by converting an RGB image into grayscale. Initially, the original image was scaled to enhance the contrast of the image, and filters were applied to detect blood vessels by using MATLAB 9.0. 2.1. Independent t-test was used to compare the MF and MF-FDOG results and also the percentage changes of the recorded images. The significance level α was set at 0.05 for all tests and the statistical analyses were performed with SPSS version 22 for Windows.
Preprocessing
In the preprocessing stage, the median filter is used to remove noise and artifacts to improve the quality of the raw image and increase its contrast. The images were resized before being processed to extract the vessel structures.
Retinal Vessel Extraction by Matched Filter
MF is a template matching algorithm 18 that is used in the detection of the blood vessels in retinal images and other applications as well. The MF based on Gaussian kernel function is expressed as Subudhi, Pattnaik, and Sabut: Blood vessel extraction of diabetic retinopathy using optimized enhanced. . . E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 1 ; 6 3 ; 7 5 2 Kðx; yÞ
and MF is defined as E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 2 ; 6 3 ; 7 0 9 fðx; yÞ ¼
E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 3 ; 6 3 ; 6 5 7 m ¼ R ts
where L is the length of the vessel segment that has the same orientation and is used to smooth noise, σ defines the spread of the intensity profile. t is a constant and is usually set to 3. The kernel, kðx; yÞ, is rotated to detect the vessels in different orientations with the maximum response of the filter bank. It is found that by rotating the kernel by 15-deg intervals, it is adequate to detect vessels with an acceptable amount of accuracy with 12 kernels. 9 The values at L ¼ 9 and σ ¼ 2 are found to be the best parameter that gives the maximum response. 9 A Gaussian curve has infinitely long double sided trails truncated at u ¼ AE3σ. The N is defined as E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 4 ; 6 3 ; 4 9 2 N ¼ fðu; vÞ; ∨ u ∨≤ 3σ; ∨ v ∨≤ L∕2g:
The corresponding weights in the kernel i (i ¼ 1; : : : ; 12 which is the number of kernels) are given by E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 5 ; 6 3 ; 4 3 9 k i ðx; yÞ ¼ − exp
If A is a number of points in N, the mean value of kernel is computed as E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 6 ; 6 3 ; 3 7 2 m i ¼
Thus, the convolution mask is given by E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 7 ; 6 3 ; 3 1 8 k i ðx; yÞ ¼ k j ðx; yÞ − m i ∀ P i ∈ N:
Retinal Vessel Extraction by MF-FDOG
The first derivative of Gaussian is an MF with zero-mean Gaussian filter used to detect both vessels and nonvessels.
The MF-FDOG method is an effective method in detecting fine vessels that are missed by the MF. 19 The first-order derivative of the Gaussian (FDOG) is E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 8 ; 3 2 6 ; 7 1 9 Gðx; yÞ ¼ −x∕
In the MF-FDOG techniques, the signal response h and a threshold T is then applied to distinguish the vessels and nonvessel edges. The local mean of d is then calculated and denoted by d m . The local mean value of an element of signal d m is used to adjust the threshold to detect the true vessels and remove the nonvessel edges. If the magnitude in d m is low, the threshold value will be small to detect the vessels and vice versa. Thus, high threshold T could be used to suppress the nonvessel edges. μ H is the mean value of the response image H, and c is a constant, with values between 2 and 3. By applying T to h, the final vessel map M H is obtained as E Q -T A R G E T ; t e m p : i n t r a l i n k -; s e c 2 . 3 ; 3 2 6 ; 4 5 9 M H ¼ 1ðx; yÞTðx; yÞ; M H ¼ 0 Hðx; yÞ < Tðx; yÞ:
PSO-Based Enhanced Image
The contrasts between blood vessels are very low; therefore, image enhancement is the main task of this work. The images are enhanced by PSO techniques to improve the performance of match filters to extract blood vessels. The PSO is an optimization technique in which the particles fly through the problem space by following a personal and global best. A transformation function generates a new intensity by taking the intensity value of each pixel from the input image value to produce an enhanced image. In the proposed work, the quality of the enhanced image is evaluated automatically using these functions. In Swarm intelligence-based optimization algorithm, the fitness value of every particle depends on the problem. 35 The algorithm operates iteration by iteration and the output of each iteration is compared with local best and global best. The global best solution of a particle (g best ) is computed with swarm and the local best of a particle (p best ) is computed by itself. The position and velocities of particles are updated in each iteration and repeated until they meet some convergence criterion.
Transformation function
A transform function is used in spatial domain to generate a new intensity value for each pixel of the original image. The enhancement process is denoted by gði; jÞ ¼ T½fði; jÞ, where fði; jÞ is the gray value of the ði; jÞ'th pixel of the input image, gði; jÞ is the gray value of the ði; jÞ'th pixel of the enhanced image, and T is the transform function. A less time consuming local enhancement method applies transformation on a pixel considering intensity distribution among its neighboring pixels. 35 It takes both global and local information to produce the enhanced image. Local information is extracted from a user defined window of size n × n. The transformation T is defined as E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 0 9 ; 6 3 ; 5 4 6 gði; jÞ ¼ Kði; jÞ½fði; jÞ − c × mði; jÞ þ mði; jÞ a ;
where a and c are two parameters, mði; jÞ is the local mean of the ði; jÞ'th pixel of the input image over a n × n window, and kði; jÞ is the enhancement function which takes both local and global information. The local mean and enhancement function are defined as One form of the enhancement function kði; jÞ used in this work is E Q -T A R G E T ; t e m p : i n t r a l i n k -; s e c 2 . 4 . 1 ; 6 3 ; 3 8 7 Kði; jÞ ¼ K:D σði; jÞ þ b ;
E Q -T A R G E T ; t e m p : i n t r a l i n k -
where K and b are parameters, D is the global mean, and σði; jÞ is the local standard deviation of ði; jÞ'th pixel of the input image over a n × n window, which is defined as E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 1 0 ; 6 3 ; 3 1 1
fði; jÞ;
The transformation function is defined as E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 1 1 ; 6 3 ; 2 0 7 gði; jÞ ¼ k:D σði; jÞ þ b ½fði; jÞ − c × mði; jÞ þ mði; jÞ a : (11)
The contrast of the image is stretched considering the local mean as the center of stretch by using the above equation. All the parameters a, b, c, k produce large variations in the processed image.
Evaluation criteria
An objective function is used to evaluate the quality of the enhanced image. It is formed by combining performance measures such as entropy value, sum of edge intensities, and number of edgels (edge pixels). 33 The objective function considered here is E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 1 2 ; 3 2 6 ; 7 3 0
where I e is the enhanced image produced by the transformation function. The Sobel operator used to detect edgels. An automatic threshold detector produces an edge image (I s ) on the enhanced image. The nedgels is the number of pixels, whose intensity value is above a threshold in the Sobel edge image. The entropy value is calculated on the enhanced image as E Q -T A R G E T ; t e m p : i n t r a l i n k -; s e c 2 . 4 . 2 ; 3 2 6 ; 6 2 2
where e i ¼ h i log 2 ðh i Þ if h i ≠ 0, otherwise e i ¼ 0, and h i is the probability of occurrence of i'th intensity value of enhanced image.
Evaluation Parameter
To compute the sensitivity, specificity, precision, accuracy, and false positive rate (FPR) of this method, four quantities named true positive (TP), false positive, false negative (FN), and true negative (TN) were used. TP is used to represent the vessel pixels properly detected as vessel pixels. FPR is the number of nonvessel pixels wrongly detected as vessel pixels. FN is the number of vessel pixels wrongly detected and TN is the number of nonvessel pixels properly detected as nonvessel pixels. The performance of the proposed algorithm is evaluated in terms sensitivity, specificity, precision, FPR, and accuracy, which are computed with the following equations: E Q -T A R G E T ; t e m p : i n t r a l i n k -; s e c 2 . 5 ; 3 2 6 ; 3 8 7 Sensitivity
The PSNR is used to evaluate the intensity changes of an image between the original affected image and the output images.
The PSNR can be computed as E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 1 3 ; 3 2 6 ; 2 0 7 PSNR ¼ 10 log 10 ð2 n − 1Þ∕MSE; (13) and the mean square error (MSE) is given by E Q -T A R G E T ; t e m p : i n t r a l i n k -; e 0 1 4 ; 3 2 6 ; 1 6 5
3
Results and Discussions
We implemented the proposed method of improved MF based on an enhanced image by the PSO algorithm and the performance was evaluated with MF and MF-FDOG filters with optimized MF. Figure 2 represents one of the original images taken from DRIVE database. The DRIVE database consists of forty images, which are divided into a training set and a test set by the authors of the database. The DRIVE database has its own gold standard image which is used to evaluate the extracted parameters. The corresponding gold standard image has been used for observing the performance results and obtaining different evaluated parameters. Figures 3(b) and 4(b) shows the extracted blood vessels of the retinal images by applying filters at threshold 0.4. The retinal images taken from DRIVE database and preprocessed to extract vessel structures with better accuracy according to the flow diagram are presented in Fig. 1 . The MF and MF-FDOG algorithms were implemented on the affected DR images [ Figs. 2(a) and 2(b) ], and the result is shown in Figs. 3(a) and  3(b) . Similarly, the PSO-enhanced MF output images are shown in Fig. 4(c) . The accuracy, sensitivity, specificity, precision, and FPR of the image have been evaluated w.r.t. ground truth image Fig. 2(c) . The PSNR and MSE parameters were calculated between the gray-scale images. Tables 1-3 represent the simulation results of the evaluation parameters of ten images for MF, MF-FDOG, and PSO-based MF calculated at a threshold of 0.4 because we got the best segmented image at the mentioned threshold. Table 1 presents the evaluated parameters, i.e., accuracy, sensitivity, specificity, precision, and FPR for all 10 images by MF, Table 2 presents the  results for MF-FDOG and Table 3 represents for the mean values for the PSO + MF method. The comparative results of the three methods are summarized in Table 4 , which shows that the accuracy of the PSO-based MF is 91.1%, which is higher compared to MF and MF-FDOG accuracies of 88.36% and 89.74%, respectively. The accuracy, sensitivity, and specificity improved significantly between MF, MF-FDOG, and PSObased MF results (P < 0.05). The high PSNR with low MSE values has been obtained in PSO-based MF compared to MF and MF-FDOG operators as represented in Table 5 .
Discussion
The blood vessels in DR images are extracted by using many methods. In the proposed work, the images are preprocessed initially to increase the contrast and also to enhance the image for the accurate vessels' extraction. The PSO technique is used to enhance the edgels of images and the MF is used to extract the 
Conclusions and Future Work
Automated assessment of diabetic retinopathy based on computerized segmentation of blood vessels of retinal image provides the tool for an ophthalmologist to detect diabetic retinopathy. In this paper, the retinal blood vessels have been extracted in the collected images from the DRIVE database by the MF, MF-FDOG, and MF on enhanced image-based PSO. MF with a single scale does not provide an acceptable performance since the widths of the vessels are varying across the image. The PSObased parameter selection is employed in this work for enhancing the edgles of the images. The approach is tested on affected images to show the advantages over existing approaches. An accuracy of 91.2% and specificity of 97.2% are found in enhanced based images with MF methods. The comparative result shows that the enhanced based MF operator outperforms the MF and MF-FDOG methods in terms of accuracy, sensitivity with higher PSNR, and less error. The major drawback of the proposed method is the visibility of the blood vessel to detect very small vessels, connectivity of vessels, and the lower accuracy of the test results. In order to improve these factors, isolated vessels can be connected to the main vessels which will be investigated in our future work.
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